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Outline

* Natural Language Processing

* Deep learning for NLP
— Symbols to Vector
— POS Tagging
— Domain Entity Extraction
— Intention Analysis

* Recent movements
— Encoding- Decoding Approach
— Attention Modeling Approach



NATURAL LANGUAGE PROCESSING
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http://ithub.korean.go.kr/user/quide/corpus/quidel.do



http://ithub.korean.go.kr/user/guide/corpus/guide1.do
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Deep Learning for NLP
SYMBOLS TO VECTOR



Deep Learning X 2| £t = Vector

Symbol O] O} Vector 7t X 2| 2] 7| & Tt

[ Representation ]
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One-Hot Representation l

[0,0,0, 1,0, ..] [34.2,93.2,45.3, ...

l Distributed Representation
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- Neural Language Modeling

- Word2Vec(Skipgram, CBOW)
- Glove

- Sentence2Vec

- Doc2Vec



Word2Vec : Cbhow




Continuous Bag-of-words Architecture
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@ Predicts the current word given the context

http://alexminnaar.com/word2vec-tutorial-part-ii-the-continuous-bag-of-words-model.html



http://alexminnaar.com/word2vec-tutorial-part-ii-the-continuous-bag-of-words-model.html

Word2Vec : Skipgram

[Idea]




Skip-gram Architecture
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http://alexminnaar.com/word2vec-tutorial-part-ii-the-continuous-bag-of-words-model.html

Word2Vec Z 1}= : Semantic Guessing

WOMAN QUEENS
AUNT

N /
UNCLE KINGS \

QUEEN \ QUEEN

KING KING

Figure 2: Left panel shows vector offsets for three word
pairs illustrating the gender relation. Right panel shows
a different projection, and the singular/plural relation for
two words. In high-dimensional space, multiple relations
can be embedded for a single word.
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Ex) King — Man + Woman = Queen
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Microsoft, “Linguistic Regularities in Continuous Space Word Representations”, 2013



Word2Vec Demo : Semantic Guessing

WORD2VEC PLAYGROUND is a web service to find the rela e
.You can try this tool with Japanese / EnglishialikiB8dia Corpus.

Corpus : | Englishwikipedia  Sapanesewikipedia

Type: Analogy  Word

Submit

Word Cosine distance

tokyo 0.5198053121566772

japanese 0.4711476266384125

shanghai 0.4504890441894531

noguchi 0.4283575415611267

http://deeplearner.fz-qgg.net Ex) korea — kimchi

china-?



http://deeplearner.fz-qqq.net/

PART OF SPEECH TAGGING
DOMAIN ENTITY TAGGING
INTENTION ANALYSIS



Sequential Tagging - POS
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Sequential Tagging — Domain Entity
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(Traditional) Sequential Tagging Method

O

SEQUENCE
Naive Bayes HMMs
GON NAL GON NAL
SEQUENCE
Logistic Regression Linear-chain CRFs

“An Introduction to Conditional Random Fields for Relational Learning”, Charles Sutton and Andrew McCallum



Sequence Modeling
@ Deep Learning
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Neural Network + Memory
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Neural Network + Memory = Recurrent Neural Network
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Feed forward network

http://Istm.iupr.com/



http://lstm.iupr.com/

Recurrent Neural Network

http://Istm.iupr.com/



http://lstm.iupr.com/

Recurrent Neural Network & X&| ™

e Vanishing Gradient Problem
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LSTM (Long Short-Term Memory)
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Memory Cell
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Output gate

Forget gate <>—‘

Input gate

neural memory o|O|
0|0 Q2 x7} S0 24 YT 2 3|2 00|
input Write 10|H H x7t =0 2+ A= E 5{&(open). 00| H
Block(closed)
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LSTM - Preservation of gradient information

e

= = = = 0 0-@- O
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Time 1 2 3 4 5 6 7

Figure 4.3: Preservation of gradient information by LSTM. As in
Figure 4.1| the shading of the nodes indicates their sensitivity to the input
unit at time one. The state of the input, forget, and output gate states
are displayed below, to the left and above the hidden layer node, which
corresponds to a single memory cell. For simplicity, the gates are either
entirely open (‘O7) or closed (7). The memory cell ‘remembers’ the first
input as long as the forget gate is open and the input gate is closed, and
the sensitivity of the output layer can be switched on and off by the output
cate without affecting the cell.

http://www.cs.toronto.edu/~qgraves/phd.pdf



http://www.cs.toronto.edu/~graves/phd.pdf

LSTM - Idea
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Gated Recurrent Unit

e Update Gate & =0 A{ & Xl| Time 2| Hidden state
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Gated Recurrent Unit

it = 0 (W{z]’i‘?t + U(z}ht_l)
T =0 (W(T);t:t -+ U(T)ht_1)

Final memory

hy = tanh (Wz, +ry 0o Uhy_1)

he =z 0hi—1+ (1—z)oh
Memory (reset) =240y +( zt) o hy

Update gate

Reset gate

Input:

http://cs224d.stanford.edu/lectures/CS224d-Lecture8.pdf



http://cs224d.stanford.edu/lectures/CS224d-Lecture8.pdf

Sequential Modeling @ Deep Learning
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Sequence Modeling for POS Tagging
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Sequence Modeling for Domain Entity Tagging
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Sequence Modeling for Intention Analysis

Output
Layer

Set. Destination

LSTM or GRU Nto1l
Layer

Distributed | &= (| = .

Input , Symbol to Vector
Layer Lookup Table

i T T T T

One-Hot [— . — . —

_ , r
Hidden ]
| :

.

]

.

M2 O AEtHA 2 ol BiF



Hidden Layer Sequence Modeling + Output Sequence Modeling

Output
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Performance

0] 74X 1Al (CoNLLO3 data set) Fi(dev) | F1(test)
Structural SVM (baseline + Word embedding feature) — no Deep Learning - 85.58

SENNA (Collobert) - 89.59

FFNN (Sigm + Dropout + Word embedding) 91.58 87.35

RNN (Sigm + Dropout + Word embedding) 91.83 88.09

LSTM RNN (Sigm + Dropout + Word embedding) 91.77 87.73 |[+0f6
GRU RNN (Sigm + Dropout + Word embedding) 92.01 87.96
CNN+CRF (Sigm + Dropout + Word embedding) 93.09 88.69
RNN+CRF (Sigm + Dropout + Word embedding) 93.23 88.76
LSTM+CRF (Sigm + Dropout + Word embedding) 93.82 90.12 /
GRU+CRF (Sigm + Dropout + Word embedding) 93.67 89.98 42.0

O|A7|(ZHICHsHm), KCC 15
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ENCODING - DECODING APPROACH



Recurrent Neural Network - Review
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Recurrent Neural Network - Review
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Sequence Encodin
9 & Z}& OFX|2F RNN node 9]

Hidden Variable

L 0
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Sentence
(Sequence)

Idea : RNN O] =& =l M H 7} A= Sequence 2| Vector Form € Z10|LC}.



Sequence Decoding

B-NNP B-NNG B-NNP B-JKB B-VV~EF

\_ RNN Layer




Sequence Encoding-Decoding Approach

B-NNP B-NNG B-NNP B-JKB B-VV~EF

Decoding

N

Encoding

MNE9 =X SERH A = 7FRE




Neural Machine Translation

interlingua

transfer

E/}{?

D
&
o

direct translation

source target

text
Bernard Vauquois' pyramid showing comparative text

depths of intermediary representation, interlingual
machine translation at the peak, followed by transfer-
based, then direct translation.

[ http://en.wikipedia.org/wiki/Machine translation]



http://en.wikipedia.org/wiki/Interlingual_machine_translation
http://en.wikipedia.org/wiki/Machine_translation

RNN Encoder-Decoder for Machine Translation

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, années, .)

Word Ssample

Word Probability

Recurrent| Recurrent

Word Representation

Continuous-space

: }
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e = (Economic, growth, has, slowed, down, in, recent, years, .)

Cho et al. (2014)
http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/



http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-2/

Limitation - RNN Encoder-Decoder Approach
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http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/



http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/

Attention Modeling
1 et=0l > G0 HY

Let’s go to Starbucks near Seoul station



Attention Modeling
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Attention Modeling

Decoding

Let’s
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€ Attention to corresponding input




Attention Modeling
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Attention Modeling

Decoding

Let’s go to Starbucks

€ Attention to corresponding input
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Attention Modeling

Decoding
Let’s go to Starbucks  near
€ Attention to corresponding input
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Attention Modeling
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Attention Modeling

Decoding
Let’s go to Starbucks near Seoul station
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Attention Modeling

f=(La, croissance, économique, s'est, ralentie, ces, derniéres, années, .)
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= Bidirectional RNN for Encoding
= Attention Modeling

Bahdanau et al. (2014)
http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/



http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/

Performance — Attention Modeling @ Machine Translation

BLEU score

10 Hl — RNNsearch-50 ‘\"h.‘- 4
""" RNNsearch-30 : Ty H ST

5H — - RNNenc-50 foooo F R -
--- RNNenc-30 A P

U | | ] ] |

0 10 20 30 40 510
Sentence length
EHOE TS| 7 A Encoding O| 2 EICZ M, 7l EHOM T
HSY 50| BOHXX| HF= f-



Attention Modeling for Image2Text

f=(a, man, is, jumping, into, a, lake, .)

Word
Ssampl

Recurrent
State
~N

Attention
weight

Attention
Mechanism
[

Aqtinotation

Vectors

h.

J

Convolutional Neural Network

http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/

Xu et al. (2015)
Show, Attend and Tell: Neural Image Caption Generation with Visual Attention



http://devblogs.nvidia.com/parallelforall/introduction-neural-machine-translation-gpus-part-3/

Attention Modeling for Image2Text

Encoder / Decoder Of| A| Text Sequence Encoding &
Image Sequence Encoding @ £ W A| Bt Sl| = £Z0| &t gt

A little girl sitting on a bed with

a teddy bear. Xu et al. (2015)

Show, Attend and Tell: Neural Image Caption Generation with Visual Attention



Attention Modeling on NLU
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Attention Visualization on NLU
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Demonstration
[XFH O 0| SH]


http://220.103.225.163:7737/nlp/jsp/demo.jsp

THANK YOU

JOIN THE CONVERSATION
#GTC15 ¥ f B

HAZ, Ph.D

Intelligence Architect
Senior Researcher, Al Tech. Lab.

SKT Future R&D
Contact : hugmanskj@gmail €8,
hugman@sk.com



